We performed time-resolved spectroscopy on a complete sample of 38 single pulses from 37 gamma-ray bursts detected by the Fermi /Gamma-ray Burst Monitor during its first 9 years of mission. For the first time a fully Bayesian approach is applied. A total of 577 spectra are obtained and their properties studied using two empirical photon models, namely the cutoff power law and Band function. We present the obtained parameter distributions, spectral evolution properties, and parameter relations. We also provide the original result files containing this information for usage in further studies. The cutoff power law consistently fits most of the spectra, consistent with previous GRB spectral catalogues. We also find that in 67 % of the pulses the maximal value of α > −2/3, violating the synchrotron limit. In contrast to previous works, the high-energy power-law index of the Band function, β, is in general softer for the single pulses in this work. Finally, we find that the parameter relations show a variety of behaviours. Most noteworthy is the fact that the relation between the low-energy power-law index α and the energy flux is very similar for most of the pulses, independent of the evolution of the other parameters.
INTRODUCTION
The study of spectral shapes of astrophysical objects is a powerful tool to understanding the physical processes that gave raise to astronomical observations. However, until after half a century of their discovery, the intrinsic spectral shape of the prompt emission of gamma-ray bursts (GRBs) remains unknown. Although in the past few decades many attempts were made to fit the spectra with empirical, semi-physical, and physical photon models, we still have not found an universal emission mechanism to explain the prompt emission of every GRB.
The problem of whether an universal emission mechanism exists aside, fitting a model to the convolved photon spectrum requires careful handling both computationally and statistically, and a good knowledge of the detector responses. The conventional wisdom of using χ 2 minimisation or its variants (collectively called the frequentist approach) to fit a model to data is known to be problematic when the signal-to-noise ratio is low (see, e.g., Andrae et al. 2010; Greiner et al. 2016 ). Another issue is that the conventional way of subtracting the background from the source spectrum before the spectral fit sometimes leads to negative flux. To circumvent these issues, the research community eventually adopted more complex frequentist methods, e.g., using the CSTAT or PGSTAT instead of χ 2 , 1 and turns into the maximum likelihood method. However, these frequentist methods remain being point estimations of the fitted model parameters, and the parameter errors are only obtainable via simulations or error propagation (or, exploring the χ 2 map whenever possible). Bayesian statistics treat both the source and background in the same way, avoiding the embarrassing situation of negative flux. It is possible to incorporate any prior knowledge of the desired model parameters. The priors (informative or not) are then multiplied to the likelihood which combines the model and the observed data, yielding a posterior distribution of the parameters that can be computed either by brutal force or efficient sampling techniques, e.g., among the most frequently used the Markov chain Monte Carlo (MCMC). Parameter and error estimations are straightforward as these information are readily obtainable from the posterior distribution of any desired parameter through marginalising (i.e., integrating) over other non-interested, nuisance parameters. This is possible without any assumption of the distribution at all, even though the posterior distribution is highly skewed and/or multi-modal. The error range, or called the credible interval, is readily obtained by finding the shortest interval which contains a certain percentage of the total probability density.
Another complication to the interpretation of GRB spectra is the intrinsic spectral evolution within GRB pulses. Gamma-ray burst spectra are known to evolve within each pulse. Time-integrated spectrum (or some call it "time-averaged spectrum") is thus contaminated, and time-resolved spectra must be used instead in order to infer any physics. Several time-resolved spectral catalogues of GRBs exist in the literature, but they all make use of the frequentist approach. Similarly, spectra from overlapping pulses are likely contaminated, so that separated pulses must be used in order to obtain the cleanest possible spectral results that can be used to draw physical conclusions. On the other hand, the time binning also affect the spectral results. If the time bins are too coarse, there is spectral evolution within the bins; if the time bins are too fine, the signal-to-noise or significance decreases. Therefore, the time bins must be binned in such a way that they capture the intrinsic variability of the light curve (i.e., they can be treated as "instantaneous") while maximising the signal in each bin. The Bayesian block method (Scargle et al. 2013 ) that looks for statistically significant "jumps" in the light curve is shown to be an adequate method for this job (Burgess 2014) .
In this paper, we present the first systematic study of the time-resolved spectra of single GRB pulses using full Bayesian fitting method. Our sample is observed by the Fermi/Gamma-ray Burst Monitor (GBM) during its first 9 years of mission and consist of 38 pulses from 37 bursts. The analysis methods and results are presented in Sect. 2 and 3 respectively. We summarise and conclude our findings in Sect. 4. Unless otherwise stated, all error bars are given at the 68% (1-σ) Bayesian credible level.
METHODS AND RESULTS

Burst, Detector, and Pulse Selection
The Fermi GBM has triggered on 2,050 GRBs from July 2008 until March 2017. The GBM consists of 14 detectors, in which 12 are sodium iodide (NaI, named from n0 to nb) detectors which cover 8-900 keV, and two are bismuth germanium oxide (BGO, named b0 and b1) detectors which cover 250 keV-40 MeV. This makes the Fermi GBM a powerful all-sky ( 8 sr that is not occulted by the Earth) surveying monitor with wide energy range over 3 orders of magnitudes. Preliminary GRB data are uploaded to the NASA/HEASARC database minutes after the trigger, including the trigger file and quick-look light curves. Detailed data files with the highest temporal (CTIME and TTE files) and spectral (CSPEC and TTE files) resolutions will be downloaded from the spacecraft within hours. This makes the online Fermi GBM GRB catalogue a near real-time and most up-to-date GRB data repository.
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The purpose of our study is to follow the spectral evolution during a connected emission activity from the GRB jet. Therefore, we searched specifically for individual emission episodes that can be characterised by an individual, connected burst of emission in the light curve. For the search we visually inspected the TTE (Time-Tagged Events) light curves from each of the 2,050 GRBs. We used those NaI detectors that had optimal viewing angles in order to maximise effective area (i.e., less than 60 degrees, see Goldstein et al. 2012) . In many of the selected cases, the emission episode consists of single pulses that are clearly separated by intervals with no emission at all (i.e., very flat inter-pulse light curve). However, since the shape of any connected emission activity from the jet is not a priori known (see, e.g., Lazzati et al. 2013) , we want to avoid to be too restrictive in our selection. Therefore, we also include in our sample emission episodes with features that can be interpreted as subpulses (that are more prominent than statistical fluctuation). However, these features should clearly be subdominant and be temporally connected with the main change in intensity. We note that another selection criterion could have been chosen, for instance, requiring a certain shape of the pulses (Norris et al. 1996; Hakkila & Giblin 2006) . However, any such criterion makes assumptions of what an individual emission episode looks like, which we want to avoid. As a result, we selected 290 long bursts that were identified with at least one such emission episode, clearly separated by the non-emission background intervals. This sample is further reduced to 37 bursts after the Bayesian block analysis (discussed in Sect. 2.3). For the spectroscopy, we follow the procedure of the Fermi GBM GRB time-integrated (Goldstein et al. 2012; Gruber et al. 2014) and time-resolved spectral catalogues (Yu et al. 2016 ) to select at most three NaIs and one BGO for the spectral analysis. The respective TTE and spectral response (RSP) files are used for the sets of detectors selected. 
Background Fitting
The spectral analysis is done using the Bayesian spectral analysis package 3ML (Vianello et al. 2015) . As a standard procedure in GRB light curve fitting, we fit an order 0-4 polynomial to a pre-and post-source intervals for one of the brightest NaIs in photon counts. The optimal order of the polynomial is determined by a likelihood ratio test. Then, this polynomial is fitted to every energy channel (128 channels for TTE) and interpolated into the pulse (i.e., the source) and integrated over the pulse to obtain the background photon counts and the error on each channel is also computed.
For some bursts, selection of two background intervals were not possible. For two cases in our sample (GRB110817 and GRB130305, see Table 1 ), only one background interval was selected. This happens when the burst happens right before the entrance of the South Atlantic Anomaly (SAA) region where the detectors must be shut down to avoid damage, or right after the exit of it. For one case (GRB081009, see Table  1 ) there are several pulses separated by intervals with no emission at all, in order to better constraint the background polynomial shape three background intervals are selected.
Source Fitting
Burgess (2014) conducted a detailed study on different binning methods, e.g., binning by constant time interval dt, statistical significance, and Bayesian blocks (Scargle et al. 2013) . It is found that in order to obtain finest time bins (therefore the highest number of time bins) while minimising the effect of mixed spectra caused by intrinsic spectral evolution (photons coming from distinct emission region in the ejecta could arrive the detector at the same time), the Bayesian block method should be used. Therefore, we applied the Bayesian blocks with false alarm probability p 0 = 0.01 to the TTE light curves of the brightest NaI for each burst. The Bayesian block binning is then applied to all other detectors.
Since our aim is to study the time-resolved spectra of single pulses, we need at least a few time bins in order to study their spectral evolution. Among these 290 bursts, we further require the burst to have at least five time bins with statistical significance S ≥ 20 in order to study their time-resolved spectral evolution. After binning with the Bayesian blocks, we obtained a sample of 38 single pulses with at least five S ≥ 20 time bins. Note that for these pulses we still use all the available time bin data in the analysis below. Yu et al. (2016) used a similar criterion that required the burst to have at least five time bins with signal-to-noise ratio S/N ≥ 30. The significance S adopted in the current work is a test statistic that incorporates the information of S/N and suitable for Poisson sources with Gaussian backgrounds (see Vianello 2018 , for detailed derivation and discussion).
Listed in Table. 1 are the 38 single pulses from 37 bursts satisfy all these criteria (Col. 1), the detectors used (Col. 2), the source and background intervals (Cols. 3-6), the total number of time bins (Col. 7), and the number of time bins with minimum significance of 20 (Col. 8), the type of relations for parameter pairs α-E p , F -E p , and F -α (Cols. 9-11), and the type of spectral evolution for each pulse (Col. 12). In addition, the Spearman's rank coefficient for the apparent F -α relation is also listed in the brackets of Col. 11 next to the type.
For each time bin, the likelihood function is jointly modeled by a Poisson distribution for the source and a Gaussian distribution for the background. This is because the source data is directly measured while the background is estimated from a polynomial fit.
The GBM GRB time-resolved catalogue (Yu et al. 2016) showed that the cutoff power law (CPL, aka. the Comptonised model, sometimes abbreviated as COMP due to its theoretical relation to the Comptonised spectral shape) best fits a majority (70%) of bursts using the conventional Castor C-Statistic (CSTAT, a modified version of the original Cash statistic derived by Cash 1979), therefore we fit CPL to all 577 time bins of our 38 pulses. In addition, we also fit the Band function (BAND, Band et al. 1993 ) to all pulses for comparison.
The reader is noted that all these models are empirical in nature. Physical models can be used and directly compared to each other (e.g., Burgess et al. 2014 Burgess et al. , 2016 , but this is out of the scope of the current paper.
We inspected all posteriors of the 577 spectra (a total of 1,154 corner plots) in order to make sure the fit is converged. We also double-checked that the four independent chains used in the MCMC sampling converged to the same maximum.
SPECTRAL RESULTS
We list all the fitting results for the CPL and BAND models of all 577 spectra in Tables ?? to ?? in Appendix A. For each pulse, we list the start and stop times of the Bayesian blocks (Cols. 1 and 2), the significance S (Col. 3), the CPL fitted parameters (normalisation K, low-energy power-law index α, and cutoff energy E c , Cols. 4-6), the derived CPL peak energy E p (Col. 7), the CPL νF ν flux F (Col. 8), the BAND fitted parameters (normalisation K BAND , low-energy power-law index α BAND , highenergy power-law index β BAND , and peak energy E p,BAND , Cols. 9-12), the BAND νF ν flux F BAND , the difference in the deviance information criterion (DIC) between CPL and BAND, ∆DIC = DIC BAND − DIC CPL (Col. 14), and the effective number of parameters of CPL and BAND, p DIC and p DIC,BAND (Cols. 15 and 16).
We also provide the analysis result files in FITS format for every time bin. They provide complete information of the fits such as the parameter values, covariance matrices, and the statistical information criteria. They can be read readily by 3ML to plot the resulting spectra and the posterior probability distributions. These fitting results can be used by researchers for further studies of the spectra of these pulses. Figure 1 shows the overall parameter distributions (see Sect. 3.2 for discussion). Figures 4 to 13 show the CPL and BAND parameter evolutions across the duration of each pulse, with color scale from light blue (start) to deep blue (end) showing temporal evolution and the light curve overlaid (see Sect. 3.3 for discussion). Figure 2 shows the overall parameter relations (see Sect. 3.4 for discussion). We plot the observed α-E p , F -E p , and F -α relations in Figures 14 to 23 (see Sects. 3.5 for discussion).
Notice that in the E p plots of some bursts, the number of data points are less than the number of time bins. This is because the peak energy of CPL is given by E p = (2 + α)E c . For α < −2 the νF ν spectrum is monotonically decreasing and no peak can be found in the observing energy window. This happens in some pulses, e.g., the second episode of GRB081009.
CPL vs. BAND: which one is better?
It is necessary to compare the fitting models. The conventional way to compute some kinds of goodness-of-fit can be used in frequentist statistics, e.g., the closer the reduced χ 2 to 1, the "better" is the model, or, the lower the CSTAT, the better is the model, etc. In Bayesian statistics, information criteria are often used instead. The "best" information criterion to use is an active research topic in Bayesian statistics (see, e.g., Gelman et al. 2014 , for a recent discussion). Here, we adopt the deviance information criterion (DIC), defined as DIC = −2 log[p(data|θ)] + 2p DIC , whereθ is the posterior mean of the parameters and p DIC is the effective number of parameters of the model, also a term used to penalise over-fitting.
The values of the difference between BAND's and CPL's DIC, defined as ∆DIC = DIC BAND − DIC CPL , are listed in Col. 14 of Tables ?? to ??. Since DIC is defined as negative logarithm of the probability of predicting the observed data given the posterior mean, a positive value of ∆DIC would mean that the CPL is a "better" description of the observed data, and vice versa. As seen in Col. 14, a lot of spectra actually have |∆DIC| 10.
However, just like any other statistical measures, attempting to summarise the multi-dimensional posterior distribution in just one number can often be misleading. In some cases, we see that |∆DIC| can be as large as hundreds of thousands. It is of course very dangerous to blindly believe such a number and claim that one model is exceedingly better than the other. Thus, we need to check the values of p DIC for both models (Cols. 15 and 16). As mentioned, this is a term for penalising over-complex models and statistically can be interpreted as the effective number of parameters (see, Sect. 3.3 of Gelman et al. 2014) . Its value can vary across spectra even for a single model, however if one finds its value highly negative, this means that the posterior mode and mean are very far away from each other. In other words, the posterior is highly skewed and/or multi-modal, which is a signal of bad fit. We check that in almost all of the cases that ∆DIC is highly negative, so as p DIC,BAND . We found that when DIC BAND < DIC, p DIC,BAND 0 in most cases. This indicates that the Band function is not in general an adequate and consistent description for all bursts.
In contrast, one can switch to different empirical models from spectrum to spectrum. However, since the CPL and BAND are not nested, the interpretation of the lowenergy power-law slope and peak energy of CPL and BAND are indeed not the same. Therefore, we suggest that when trying to explain time-resolved parameter evolution or relation, it is better to use the same empirical model throughout the whole burst.
The best way to check the model fitting is actually to directly look at the posterior corner plots. The Bayesian corner plot contains the 2-dimensional probability density maps for every pairs of parameter and the marginal probability 4 density maps for every parameter. A "good" fit is usually identified if the density map is Gaussianlike. A check to the posteriors of those BAND fits with highly negative p DIC,BAND reveals that the normalisation is often non-Gaussian and extremely small, indicating that the model sacrificed the normalisation in exchange for an extra segment of highenergy power law due to over-fitting.
In short, we found that the cutoff power-law model can describe most of the spectra adequately for every pulse, without the need of introducing a high-energy power law, a result consistent with previous GBM spectral catalogues. Nevertheless, in some cases, the Band function might be a better description of the spectra as indicated by the value of ∆DIC, usually around the peak time in the light curve. Thus, the "best-fit" spectral model might actually be a mix of CPL and BAND. This shows that empirical models are approximate descriptions of the actual physical process. Nevertheless, empirical model fitting is useful to infer physical properties of the GRB jet, which in turn could reveal the true physical model of GRB emission. Figure 1 shows the distribution of the fitted parameters, α, E c , and β, and the derived parameters, E p (for CPL) and F . The average values and standard deviations of the distributions are listed in Table 2 .
Parameter Distributions
The average values of α, E p , and F distributions for CPL and BAND agree within 1-σ for S ≥ 20. The distributions of α and E p are in agreement with previous time-resolved catalogue (see Table 2 and Fig. 3 of Yu et al. 2016) . However, the distribution of β we obtained shows a softer trend than that of Yu et al. (2016), who did not distinguish between single and composite pulses (c.f. lower right panel of Fig. 3 therein) . This indicates that single pulses are in general softer, and that the harder β might be a result of overlapping spectra from composite pulses which contain photons from various emission sites and times.
Under the assumption that a single emission mechanism is responsible for the full duration of the pulse emission, the α-distribution in Figure 1 can be misleading for a physical interpretation. A better distribution to interpret is that of the maximal value α max in each burst. Such a distribution then gives an indication of how large fraction of the bursts (and not time-bins) are consistent or not with, for instance, the synchrotron model. In Figure 3 , we indicate the α = −2/3-line, which is the "line-of-death" for synchrotron emission. We find that a majority of the pulses (67%) are inconsistent with synchrotron emission, solely based on the line-of-death. This fraction is significantly larger than what is found by applying the line-of-death to the full distribution of α-values (Preece et al. 1998) . A similar conclusion was drawn by Ghirlanda et al. (2002) who found that in 44 % of cases α violates synchrotron emission around the emission peak. However, if the emission mechanism is assumed to vary during a pulse, then the distribution in Figure 1 is the relevant one.
Spectral Evolution
Figures 4 to 13 shows the evolution of the spectral parameters of CPL and BAND across the bursting duration of the pulses from pale to deep colors. Data points with red, orange, yellow, and no circles indicate statistical significance S ≥ 20, 20 > S ≥ 15, 15 > S ≥ 10, and S < 10, respectively. Many of the low-significance data points are not constrained, as seen from the huge negative-side error bars. Histogram of the maximal value of α in each of the 38 pulses in the sample. The red line indicated the line-of-death for the synchrotron interpretation for individual pulses, assuming that the same emission mechanism operates throughout the pulse. 67% of the pulses have α max that is incompatible with synchrotron emission.
In the left panels, the evolution of the power-law indices, α and β, are shown in blue (α of CPL), green (α BAND of BAND), and purple (β BAND of BAND); in the middle panels, the evolution of the peak energy E p are shown in blue (E p of CPL) and green (E p,BAND of BAND); and in the right panels, the evolution of the flux F are shown in blue (F of CPL) and green (F BAND of BAND).
It is observed that the values of the low-energy spectral indices of CPL and BAND, α and α BAND , are approximately equal within error bars and track each other during the main emission periods of the pulses, which are also the most significant time bins (indicated by red circles). As discussed in Sect. 3.2, α BAND tends to be slightly harder than α, and β BAND usually is softer than −3.
The evolution of α is observed to have no strong general trend and vary from burst to burst. A weak trend can be seen though: α tends to soften over time (see, e.g., Crider et al. 1997) . For some pulses α softens monotonically, while a few shows sudden hardening during the peak of the pulse.
For the behavior of the peak energy, it is obvious that in almost all time bins E p and E p,BAND are well within half an order of magnitude. It is noticed that E p,BAND is always below E p during statistically significant time bins. Combining with the observation that α BAND > α > β BAND , this indicates that BAND is trying to fit the spectrum by mimicking the curvature below the CPL's peak energy using two powerlaw segments. This can also explain the hard BAND spectrum during low-significance time bins: the overshot of β BAND at high energies is tolerated by the noisy time bins.
The evolution of E p is observed to exhibit various trends (Col. 11 of Table 1 ). We found that 16 exhibit pure hard-to-soft (h.t.s.) evolution (42%), while 8 exhibit pure intensity tracking (i.t.) evolution (21%). Seven pulses change from either h.t.s. or flat to i.t. or soft-to-hard (s.t.h.) evolution. Lu et al. (2012) studied simulated GRB pulses and claimed that an i.t. evolving pulse can be composed by multiple h.t.s. evolving pulses. Four cases cannot be classified into the above categories: GRB150510139 and GRB 160530667 exhibit s.t.h. to h.t.s. evolution; GRB100122616 i.t. to unclassified, and GRB170114917 h.t.s. to unclassified (marked by a "?") during part of the pulse.
The calculated fluxes for CPL and BAND, F and F BAND , agree extremely well for every spectrum and they basically track the photon light curve. During lowsignificance time bins, F BAND is always larger than F , which could be explained by the aforementioned harder BAND spectrum.
Global Parameter Relations
The global relation plots of the fitted parameters could help to inspect the quality of the spectral fits. Figure 2 shows five plots of the parameter pairs: β-α for BAND, α-E c for CPL, F -E p and F -α for CPL and BAND, and α-E p for CPL and BAND. it is observed that in the high-significance cases (S ≥ 20, marked by red circles), the distributions of parameters for CPL and BAND show no obvious difference nor global relation.
The majority of high-significance α cluster between −2 and 1 for both CPL and BAND, which are typically observed in studies of GRB prompt spectra. It can be observed that β can be very negative (∼ −3 or below). In these cases the BAND model is trying to mimic a cutoff in the high-energy spectrum by its smoothly connected power-law segments. The threshold of F for high-significance data points is ∼ 10 −7 -10 −6 erg s −1 cm −2 . The peak energy, E p for BAND is a fitted parameter, while that for CPL is calculated from E p = (α + 2)E c . Notice that when α is softer than −2 or when β BAND is harder than −2, E p becomes negative and thus there is no peak in the νF ν spectrum. The values of E p for high-significance data points are found to cluster between 50 keV to 5 MeV for both models.
Individual Parameter Relations
Relations over individual pulses are of greatest interest since they carry the information closest to the physics of the emission. We therefore provide the relation plots of the 38 pulses in our sample in the Appendix. In the left panels of Figs. 14 to 23, the relation between α and E p are shown; in the middle panels, the relation between energy flux F and E p , i.e., the Golenetskii correlation (Golenetskii et al. 1983) , are shown; and, finally, in the right panels the relation between F and α are shown.
Below, we will discuss the appearances of the temporal tracks in the relation planes by visual inspection. We consider all time bins with significance S > 10 (i.e., yellow, orange, and red data points) that are fitted with a cutoff power law function.
The α-E p relations show three main types of behaviours. The most common behaviour is a non-monotonic relation, with a clear break. This occurs in 17 pulses. The break either occurs at the maximal α-value (e.g., GRB081125), or at the minimum E p (e.g., GRB150314). Another common behaviour (12 pulses) is a monotonic straight line in the linear-log plots (see, also Crider et al. 1997) . Of these bursts, 7 have a positive relation (e.g., GRB090719) and 5 have a negative relation (e.g., GRB130305). The third behaviour (7 bursts) is given by pulses in which the E p does not vary much, while α does vary more significantly. This leads to a vertical relation, or a weakly negative relation (e.g., GRB140508). In one of these cases (GRB090804), though, there is only little variation in α as well, it even being consistent with a constant at around α ∼ −0.5. In Table 1 , all bursts are assigned to one of these three groups, 1, 2, and 3, respectively. The last two pulses (both in GRB081009) do not show a clear trend. For the second pulse the reasons is that in most of the high-significance time bins the νF ν spectrum is monotonically decreasing, meaning that there is no E p for these data points.
It is noteworthy that among all the E p -α-relations, only three pulses have a relation that follows what is expected for synchrotron emission, namely GRB120919, GRB130815 and GRB141205.
F -E p -Relation
Turning over to the Golenetskii relations, again three main different types of relations are revealed (see, also Borgonovo & Ryde 2001; Firmani 2009; Ghirlanda et al. 2010 ). The most common behaviour (in 23 pulses) is a non-monotonic relation with a distinct break and having power-law segments (e.g., GRB160530). The break typically occurs at the flux peak of the pulse, that is, the relation is different during the rise phase and the decay phase of the pulse. Another common behaviour has a relation described by a single power law (in 13 of the pulses). Of these, 11 pulses have a positive relation (e.g., GRB090804) and in 2 cases it is negative (e.g., GRB130305). Finally, in two cases there is no clear trend, namely, the second episode of GRB081009 (mainly due to that many of the E p not determined) and GRB100528. In Table 1 , these three groups, are denoted by 1, 2, and 3, respectively. GRB090804 is an interesting case in which the Golenetskii-relation is prominent, but both E p -α and the F -α relations are very weak. Such a behaviour is, however, an exception.
F -α-Relation
Finally, the F -α-relations differ clearly from the two first relations, by it having a much more homogeneous behaviour. In nearly all cases the relation is very similar, with a positive linear relation in the log-linear plots. This is the case for 34 of the pulses. In only three bursts there is non-monotonic relation with a break, albeit weak (GRBs 081009 [first episode], 110721, 160910). In the last case, GRB090804 the relation is weak, since there is only little variation in both the parameters. Again, these three groups are denoted by 1, 2, and 3, respectively, in Table 1 .
To quantify the observed correlations, we calculate the Spearman's rank coefficient, r, which is also provided in the Table. In general, values over 0.7 indicate strong correlations. Indeed, for a large majority of the pulses (28 cases) r > 0.7, and of these 8 have very strong correlations, with values over 0.9. There are only two pulses which have weak correlations, as indicated by the r-value being below 0.4.
We note that in the cases where the variation in E p is small, it is only F and α that are correlated. An example is GRB100528 for which the Golenetskii correlation is very weak, but the F -α is very clear.
The purpose of this catalogue is to identify trends and the variety of behaviours of the relation between parameters. Indeed, the relation between F -α stands out among the three relations with a majority having a similar behaviour. This fact instigates searches for possible functional relations between the parameters for use in physical interpretations of the underlying mechanisms. With such an goal in mind, we have interpreted the F -α relation in the context of photospheric models in Ryde et al. (2018, subm.) .
SUMMARY AND CONCLUSION
In summary, we have identified 38 single pulses from 37 GRBs out of the 2,050 Fermi/GBM detected bursts. A total of 577 time-resolved spectra were obtained and their spectral properties investigated using full Bayesian method. The time bins have been binned using the Bayesian block method (Scargle et al. 2013 ) instead of signalto-noise ratio in the previous time-resolved GRB spectral catalogue (Yu et al. 2016) . A new statistical measure of the data significance (Vianello 2018) has been used to indicate various significance level.
The distributions of the low-energy power-law slope and peak energy of the νF ν spectra from the highest-significance time bins are consistent to previous results, while the distribution of the high-energy slope when using a Band function instead of a cutoff power law is softer than that of Yu et al. (2016) who did not distinguish between single and composite pulses. This indicates that the high-energy slope observed in composite pulses might not be intrinsic in nature, but an effect due to spectral evolution.
In contrast to previous catalogues, we investigate the distribution of the maximal value of α in each pulse, and show that majority of the pulses (67%) are inconsistent with synchrotron emission, solely based on the line-of-death of α = −2/3 (see also, Ghirlanda et al. 2002) .
Similar to previous catalogues, though, we confirm the fact that the best empirical model for most bursts is the cutoff power-law function. To achieve a consistent interpretation of every time-resolved spectrum within a single pulse, the cutoff power law should be used instead of the Band function.
Finally, we point out that among all the parameter relations, the one between α and the energy flux F is particular, with a majority having a similar, monotonic behaviour, largely independent of the flux variation in the light curve.
As a remark for different methods to perform spectral analysis of GRBs, this work, along with all the existing GRB spectral catalogues, uses empirical photon models for spectral fitting using the forward-folding technique. While the empirical parameter behaviours give valuable evidence for the intrinsic process(es), physical model fitting should be performed in order to directly obtain physical parameters from the data. As of the time of writing, a few authors have started to fit physical models, but only a handful of bursts are studied in this way (e.g., Burgess et al. 2011; Zhang et al. 2016 ). Burgess et al. (2018) combined localisation and spectroscopy of GRBs within a Bayesian framework, enabling simultaneous fitting of location and spectral parameters. This method can eliminate the uncertainty propagated to the spectral parameters from using a pre-defined, fixed spectral template for localisation. Future studies of GRB emission mechanism should consider this method in order to obtain the most reliable results. Figure 4. Left panels: temporal evolution of α (blue), α BAND (green), and β BAND (purple). Middle panels: temporal evolution of E p (blue) and E p,BAND (green). Right panels: temporal evolution of F (blue) and F BAND (green). Light curves are overlaid in grey colour. Data points with red, orange, yellow, and no circles indicate statistical significance S ≥ 20, 20 > S ≥ 15, 15 > S ≥ 10, and S < 10, respectively. Color scale from light blue (start) to deep blue (end) shows temporal evolution. Many of the low-significance data points are marginally or not constrained, as seen from the huge negative-side error bars. 
